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(4) Introduction

At present, biopsy is the gold standard in breast lesion characterization. However, the

positive breast biopsy rate is only about 15-30%. This means that 70-85% of breast biopsies are

performed for benign lesions. In order to reduce patient anxiety and morbidity, as well as to

decrease health care costs, it is desirable to reduce the number of benign biopsies without

missing malignancies. Mammography and sonography are two low-cost imaging modalities that

may be improved so that radiologists can obtain more accurate diagnostic information to

differentiate malignant and benign lesions. Computerized analysis of the lesions on these images

is one of the promising tools that may improve the radiologists' accuracy in characterizing these

lesions by providing a consistent and reliable second opinion to radiologists.

In this project, our goal is to analyze volumetric images to improve the accuracy of

computerized sonographic breast lesion characterization, and to combine these characterization

results with those obtained by computerized analysis of mammograms. Computerized image

analysis, feature extraction, and classification methods will be developed to characterize breast

masses on three-dimensional or volumetric ultrasound (US) images. The output of the classifier

will be a computer rating related to the likelihood of malignancy of the mass. The accuracy of

this rating will be studied by comparing it to the biopsy results. We will then combine this rating

with a similar rating obtained by computerized analysis of the mammograms of the same patient.

The combined classifier is expected to be more accurate than either classifier alone.

(5) Body

In the current project year (9/6/04-9/5/05), we have performed the following studies:

(A) Observer experiment with CAD on 3D US images

4



Earlier in our project, we conducted a study to investigate if our computer classifier that uses

3D US volumes would improve radiologists' accuracy in differentiation of malignant and benign

breast masses on ultrasound images. The results of this analysis were also submitted to the

journal Radiology as an original research paper [1] (Appendix 1). This paper is still under

review after revisions performed in the current year. We present below the additional analyses

performed in the no-cost time extension (NCTX) period.

The data set, methods and the results for this study are explained in detail in Appendix 1.

Our previously developed computer algorithm [2] had an area under the Receiver Operating

Characteristic (ROC) curve of A,=0.92. Five radiologists (RADl-RAD5) participated in this

study as observers. They read the 3D US images using a specially-developed software first

without CAD and then with CAD. They provided a likelihood of malignancy (LM) rating under

both conditions. The LM ratings of the radiologists with and without CAD were analyzed using

ROC methodology [3].

In the NTCX period, we analyzed the data to investigate how heavily the radiologists rely on

the computer results. When an observer experiment is performed to investigate the impact of

CAD on radiologists' decisions, there may be a concern that, in a laboratory environment, the

radiologists may rely too heavily on the CAD system without adequately merging the computer

output with their own judgment. To investigate whether this is the case, we estimated the

correlation between the radiologists' readings with CAD to (i) their readings without CAD, and

(ii) the computer scores. We then estimated the statistical significance of the difference

between these two correlation coefficients using Cohen and Cohen's method [4]. If the

radiologists utilize the computer scores only when they believe it makes a true contribution to

their original assessment, then the correlation (i) above should be significantly higher than (ii).
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The correlations between the radiologists' readings with and without CAD, and those between

radiologists' readings with CAD and computer scores are shown in Table 1. The former of these

correlations was higher than the latter for all five radiologists, and the difference between the

two was statistically significant (p<10-6) for four radiologists. This result indicates that when

they read with CAD, radiologists had a higher agreement with their reading before CAD

compared to their agreement with computer scores.

Table 1.

Correlations between the radiologists' LM ratings with and without CAD, and those

between radiologists' LM ratings with CAD and computer scores

Rad. No Correlation between LM ratings with CAD and p-value

LM ratings w/o CAD Computer scores

1 0.94 0.70 <10-6

2 0.96 0.61 <10-6

3 0.96 0.72 <10-6

4 0.86 0.83 0.26

5 0.94 0.70 <10-6

We also investigated whether further combining the computer scores with the radiologists'

readings with CAD may improve the accuracy in the characterization task. If the radiologists

excessively rely on the computer scores, then such a combination should not improve the
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accuracy beyond that of the computer classifier. The computer scores were combined with the

radiologists' LM ratings with CAD by first normalizing the computer scores to the same range

as the radiologist's scores (0-100) and then averaging. The average scores were analyzed using

ROC methodology. The resulting A, values are listed in Table 2. It is observed that by

combining the scores in this manner, the A, values of four out of five radiologists can be

improved beyond that of the computer classifier alone. Using the DBM method, it was also

found that the average A, value over all radiologists (=0.94), if this strategy was used, would be

significantly higher (p=0.008) than the average A, (=0.90) from the radiologists' LM ratings

with CAD obtained in our observer experiment.

Table 2.

The A, values when the radiologist LM ratings with CAD are averaged with computer

scores

RI R2 R3 R4 R5 Computer score

0.94 0.92 0.94 0.95 0.94 0.92

When radiologists perform a laboratory experiment with CAD, there may be a concern

that they may overly rely on the computer results, especially if they know that the computer

classifier is very accurate. However, our observations indicated that the radiologists did not

develop a trend to follow the computer ratings in this study. First, we discussed in our previous

yearly report, the radiologists did not change their LM rating substantially (i.e., greater than or

equal to 5 on the 100 point scale) with CAD in 64% (326/510) of the readings. Second, the

correlation analysis (Table 1) indicates that the LM ratings of a radiologist with and without
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CAD were highly correlated, whereas the correlation between "computer scores" and their "LM

ratings with CAD" was significantly lower for four readers. Third, when the radiologist LM

ratings with CAD were further combined with the computer scores by averaging, the A, values

of four of the radiologists were higher than that of the computer classifier. Had the radiologists

excessively relied on the computer, one would not expect these combined scores to be more

accurate than the computer classifier. We therefore conclude that the radiologists did not rely

on the computer scores excessively.

In the NCTX period, we also statistically analyzed the change in radiologists' sensitivity

and specificity with CAD. For this purpose, we employed McNemar's test [5] by considering

the number of beneficial and detrimental changes with CAD in biopsy recommendation for the

malignant cases. If a malignant case was not recommended for biopsy without CAD, but was

recommended for biopsy with CAD, this was defined as a beneficial change. If a malignant case

was recommended for biopsy without CAD, but was not recommended for biopsy with CAD,

this was defined as a detrimental change. We similarly applied McNemar's test to benign cases

to investigate whether the change in specificity with CAD is statistically significant.

McNemar's test was applied to under two kinds of conditions: In the first condition, we used a

2% LM threshold for reading both without and with CAD. Under this condition, on the average,

we observed an improvement in the sensitivity (0.96 and 0.98 without and with CAD

respectively) and a decrease in specificity (0.22 and 0.19 without and with CAD, respectively).

Under condition #1, the change in the sensitivity and specificity did not achieve statistical

significance for any radiologist (range of p-values using McNemar's test: 0.157-1.00 for

sensitivity, and 0.102-1.00 for specificity). Under the second condition, we adjusted the LM

threshold for reading with CAD to 7%. At this threshold, the average sensitivity both without
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and with CAD were 96%, so that the comparison for specificity with and without CAD are

performed at corresponding operating points on the ROC curve. Under this condition, the

improvement in specificity for 4 out of 5 radiologists was statistically significant (p<0.002,

McNemar's test), while the change in sensitivity for each radiologist was insignificant.

(B) Observer experiment with CAD on 3D US images and mammograms

In the NCTX period, we completed our observer study for evaluating the effect of the

multimodality computer classier on radiologists' accuracy for the characterization of masses on

US volumes and mammograms. The details of the data set and the computer classification

method is provided in out previous yearly report. Briefly, we had 32 benign and 35 malignant

masses in our data set. The total number of mammographic views was 163, with each case

containing between one and three views (CC, MLO, or LAT). Ten radiologists read the cases

sequentially under three conditions. First, the radiologist read the mammogram regions of

interest (ROIs), and provided a BI-RADS (Breast Imaging Reporting and Data System) score

and a likelihood of malignancy rating. Second, the US images were displayed along with the

mammogram ROIs, the radiologist provided a second malignancy rating, and recommended: (i)

1-year follow-up; (ii) short-term follow-up; or (iii) biopsy. Third, the computer score was

displayed, and the radiologist provided a third malignancy rating and revised the recommended

action. The radiologist ratings were analyzed using ROC analysis. We also analyzed the

sensitivity and specificity under the three different reading conditions.

Figure 1 shows the Az values of each radiologist under the three reading conditions. It is

observed that for each radiologist, condition 3 (reading with CAD) was the most accurate,

followed by condition 2 (reading the US and mammograms images without CAD) and then

followed by condition 1 (reading mammogram images alone). The A, value of the computer
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(0.92) is also shown as a dotted line. It is observed that six of the radiologists' A, values under

condition 2 are higher than that of the computer classifier's. Despite this, all of the radiologists

showed improvement when they read with CAD.

1.0

0.9 "Mammo

0.8 alone
N Mammo

+US0.7
M aammo
+US+CAD
Computer

0.5 alone

12345678910
Radiologist

Figure 1: The area A, under the ROC curve for each radiologist under the three reading conditions.

Figure 2 shows the average ROC curves obtained by averaging the a and b values under

each of the reading conditions for the ten radiologists. The average A, values under the

conditions (1), (2), and (3) were 0.87, 0.93, and 0.95, respectively.
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Figure 2: The average ROC curves for the ten radiologists under the three reading conditions.

To investigate whether the improvement with CAD is statistically significant, we used

Dorfman Berbaum-Metz multiple reader multiple case (MRMC) analysis [6], as well as the t-test.

Both methods indicated that the improvement is statistically significant (p=0.05 using MRMC

method and p=0.000 5 using the t-test).

The sensitivities and specificities of the ten radiologists are shown in Table 3. The

average sensitivity with CAD improved from 0.98 to 0.99, while the average specificity

improved from 0.27 to 0.29. An important difference between this study and the previous study

that used the US images only is that we observed an improvement in both sensitivity and

specificity with CAD when both US volumes and mammography were included in the study,

although both improvements were small. In the previous study (Section A), we had found that
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when only mammograms are included, the use of CAD improved the sensitivity, but decreased

the specificity of the radiologists.

Table 3: The sensitivity and specificity of each radiologist under the three reading conditions.

Mammography Mammography Mammography
alone +US +US+CAD

Rad. # Sens. Spec. Sens. Spec. Sens. Spec.
01 0.97 0.34 1.00 0.16 1.00 0.16

02 0.83 0.66 0.89 0.66 0.94 0.63

03 1.00 0.13 1.00 0.13 1.00 0.19

04 0.91 0.41 0.97 0.34 1.00 0.34

05 1.00 0.16 1.00 0.16 1.00 0.28

06 0.91 0.44 0.97 0.44 1.00 0.34

07 1.00 0.13 1.00 0.09 0.97 0.28

08 0.77 0.84 0.94 0.53 0.97 0.50

09 1.00 0.00 1.00 0.09 1.00 0.09

10 1.00 0.25 1.00 0.13 1.00 0.09

Avg. 0.94 0.33 0.98 0.27 0.99 0.29

To statistically analyze the change in radiologists' sensitivity and specificity with CAD,

we employed McNemar's test. The test was applied under two kinds of settings: In the first

setting, we used the BI-RADS descriptors and the action categories provided by the radiologists

under conditions (2) and (3). In this setting, none of the differences in sensitivities of

specificities with and without CAD was statistically significant for any of the radiologists.

Under the second setting, we adjusted the LM threshold for reading with CAD to 9%. At this

threshold, the average sensitivity both without and with CAD were 98%, so that the comparison

for specificity with and without CAD are performed at corresponding operating points on the
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ROC curve. Under this condition, the improvement in specificity for 3 out of 10 radiologists was

statistically significant.

Our observer studies therefore indicated some of the advantages and disadvantages of our

CAD method for characterization of breast masses. Both studies have shown that the

radiologists' ROC curve improve significantly when they use CAD. The improvement

especially in the second study is remarkable because the radiologists were already very accurate

when they combined the information on the US images and mammograms without CAD.

Although the computer was less accurate (A,=0.92) than the average radiologist (A,=0.93) the

radiologists were still able to merge the computer information with their own assessment in a

significantly beneficial way. However, the results for sensitivity and specificity were less

remarkable. Although we observed an improvement in sensitivity with CAD in both studies, the

improvement did not reach statistically significance when we used a 2% LM threshold for biopsy

recommendation. This is the threshold currently recommended by the American College of

Radiology (ACR). We also compared specificities under the hypothetical condition that the LM

threshold is chosen such that the sensitivities with and without CAD are the same. Under this

condition, we had significant improvement in specificities for some, but not all of the

radiologists. This result underlines that to be clinically useful, we may have to further increase

the accuracy of our computer classifier so that radiologists have more confidence in our system

and the computer can provide additional complementary information to the radiologist.

The development of computer-aided diagnosis algorithms is an iterative process. It

generally takes many iterations in order to bring the performance of the automated methods up to

the acceptable level and to work reliably. In the process of designing the specific computer

classifier algorithms in this project (pre-processing, segmentation, feature extraction,
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classification, etc.), we have conceived many ideas about how the performance of the computer

classifier can be improved. For example, in the past year, through other projects, we have been

gaining experience in a new segmentation technique called "level-set methods", and we believe

that applying this technique to the ultrasound data will provide improved results. We have also

identified several feature extraction techniques that hold great promise in our project. Based on

the experience we have gained in the past years of our project, we believe that performing

another iteration to integrate these new techniques into our CAD system will further improve its

accuracy.

(6) Key Research Accomplishments

"* We performed further analysis of the observer performance study conducted earlier

(radiologists reading 3D US volumes without and with CAD). Our analysis showed that

although the accuracy of the computer classifier for 3D ultrasound images was higher than

that of the radiologists, the radiologists did not excessively rely on the computer scores

"* The analysis of sensitivity and specificity for the observer study involving mammograms

alone indicated that reading with CAD did not result in significantly higher sensitivity or

specificity if a clinically accepted likelihood of malignancy threshold of 2% is used for

biopsy recommendation. However, when the LM threshold for reading with CAD is

adjusted to 7% so that the average sensitivity both without and with CAD were 96%, four out

of five radiologists showed significant improvement with CAD in their specificity.

"* We completed the observer performance study with multi-modality CAD (US volumes and

mammograms). MRMC analysis indicated that the accuracy of LM ratings of radiologists

was significantly improved when they read the images with CAD.
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The analysis of sensitivity and specificity for the observer study involving multi-modality

imaging indicated that reading with CAD did not result in significantly higher sensitivity or

specificity if a clinically accepted likelihood of malignancy threshold of 2% is used for

biopsy recommendation. However, when the LM threshold for reading with CAD is

adjusted to 9% so that the average sensitivity both without and with CAD were 98%, three

out of ten radiologists showed significant improvement with CAD in their specificity.

(7) Reportable Outcomes

The journal paper submitted to Radiology on the effect of the 3D US classifier on

radiologists' characterization of breast masses on ultrasound images has been revised and

resubmitted. Additionally, we presented our results at RSNA 2004. We are in the process of

writing a manuscript for journal submission based on this conference abstract.

Journal Publications:

Sahiner B, Chan HP, Roubidoux MA, Hadjiiski L, Helvie MA, Paramagul C, Bailey J, Nees A,

Blane C, "Computer-Aided Diagnosis of Malignant and Benign Breast Masses in 3D Ultrasound

Volumes: Effect on Radiologists' Characterization Accuracy," Radiology (resubmitted) 2005.

Conference Abstracts:

Sahiner B, Chan HP, Hadjiiski LM, Roubidoux MA, Paramagul CP, Helvie MA, et al., "The

effect of a multi-modality computer classifier on radiologists' accuracy in characterizing breast

masses using mammograms and volumetric ultrasound images: An ROC study," presented at the

9 0t'1 Scientific Assembly and Annual Meeting of the Radiological Society of North America,

Chicago, IL, Nov. 28-Dec 3, 2004.

15



Sahiner B, Chan HP, Hadjiiski LM, Roubidoux MA, Paramagul CP, Helvie MA, "Computer-

aided multi-modality breast mass characterization," presented at the fourth Era of Hope meeting

for the Department of Defense (DOD) Breast Cancer Research Program (BCRP), June 8-11,

2005, Philadelphia, Pennsylvania.

(8) Conclusions

In the NCTX year of the USAMRMC BCRP grant, we have completed and analyzed the observer

performance studies proposed for the grant. Our results indicate that our CAD system can significantly

improve radiologists' likelihood of malignancy estimates. This result has been consistent in the two

observer studies that we conducted, one involving US volumes only, and the other involving both US

images and mammograms. To quantify the improvement, we used the ROC methodology and the

MRMC method. For more immediate clinical impact of CAD however, the sensitivity and specificity of

the radiologists with and without CAD are more important than the likelihood of malignancy estimates.

Our results indicate that if we select a likelihood of malignancy cutoff threshold for biopsy

recommendation with CAD so that the sensitivities with and without CAD are equal, then 4 out of 5

radiologists showed significant improvement in their specificity in the observer study involving US

volumes only. In the study involving both US images and mammograms, 3 out of 10 radiologists

showed significant improvement in their specificity under the same condition. When the currently

accepted 2% LM cutoff, we observed a trend for improvement, but the change did not reach statistical

significance for any of the radiologists. Further improvement of the 3D ultrasound characterization

methods and improved methods for combination with mammographic computer image analyses can

provide radiologists with a powerful aid for decision making, which may help reduce unnecessary

biopsies and improve patient care..
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Computer-Aided Diagnosis of Malignant and Benign Breast Masses in 3D Ultrasound

Volumes: Effect on Radiologists' Characterization Accuracy

Type of manuscript:
Original research

Advances in Knowledge:

The potential improvement in radiologists' characterization accuracy of breast masses in
3D ultrasound volumes was evaluated when they were assisted with an automated
computer classifier.

Our results indicate that the CAD algorithm used in this study was able to assist even
expert breast imaging radiologists in characterizing masses on 3D US volumes. The
average A, value improved significantly (p=0.005) from 0.84 to 0.90, and the average
Az(°0 9) value improved significantly (p=0.015) from 0.30 to 0.47.

Our data set contained 102 lesions, of which 96 were categorized as solid by the majority
rule. When we confined our ROC analysis to the subset of solid masses, the results were
virtually unchanged from the entire set of 102 masses.

With CAD, the average likelihood of malignancy (LM) rating decreased for benign
masses, and increased for malignant masses. For benign masses, the average decrease in
LM rating was 0.77, which did not achieve statistical significance (two-tailed p=0.5 1).
The increase in the average LM rating of malignant masses was 5.59, which was
statistically significant (two-tailed p<0.0001).
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ABSTRACT

Purpose: We previously developed an automated computer classifier to characterize

breast masses in 3D ultrasound volumes. The purpose of this study was to investigate

whether computer aided diagnosis (CAD) using this classifier would improve

radiologists' accuracy.

Materials and Methods: Informed consent and institutional review board approval

were obtained. Our data set contained 3D ultrasound volumes from 102 cases of biopsy-

proven breast masses (46 benign and 56 malignant). A computer algorithm was

designed to automatically delineate the mass boundaries and extract features based on the

segmented mass shapes and margins. The features were merged into a malignancy score

using a computer classifier. Five experienced radiologists participated as readers. Each

radiologist read the cases first without CAD, immediately followed by reading with

CAD. The observers' malignancy rating data were analyzed using receiver operating

characteristic (ROC) methodology.

Results: Without CAD, the five radiologists had an average area under the ROC curve,

A,, of 0.84 (range: 0.81 to 0.87). With CAD, their average A, increased significantly

(p=0.006) to 0.90 (range: 0.86 to 0.93). Using a 2% likelihood of malignancy as the

threshold for biopsy recommendation, the average sensitivity of the radiologists

increased from 96% to 98% with CAD, while their average specificity for this data set

decreased from 22% to 19%. If a biopsy recommendation threshold could be chosen
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such that the sensitivity were maintained at 96%, the specificity would increase to 46%

with CAD.

Conclusion: A well-trained computer algorithm may improve radiologists' accuracy in

distinguishing malignant from benign breast masses in 3D ultrasound volumes.

Key Words: Computer-Aided Diagnosis, ROC Observer Study, Classification,

Ultrasound, Malignancy.

4



INTRODUCTION

In current clinical practice, the positive biopsy rate for breast cancer is about 15-

30% (1-3). To reduce patient anxiety and morbidity, as well as to decrease health care

costs, it is desirable to reduce the number of benign biopsies without missing

malignancies. Previous studies on mammography have shown that radiologists'

accuracy in distinguishing malignant from benign masses can significantly improve

when they use a well-trained computer-aided diagnosis (CAD) system as a second

opinion (4-6).

Ultrasound (US) is an important imaging modality for characterization of breast

masses. For the differentiation of simple cysts from other lesions, interpretation of US

images by experienced breast radiologists results in an accuracy close to 100% (7). In

current clinical practice, if a palpable or mammographically suspicious mass cannot be

confidently categorized as a cyst in US examination, it is often recommended for biopsy.

Several recent studies (8-10) have indicated that the improvement in US imaging

technology and the expert interpretation by radiologists may make it possible to

characterize solid breast masses as malignant and benign with high accuracy. In a recent

publication, Taylor et al. (10) reported that the addition of US evaluation to

mammography alone increased the specificity in their data set of 761 biopsy-proven

masses from 51.4% to 63.8%, while slightly increasing the sensitivity from 97.1% to

97.9%.

Several groups of researchers have been developing methods for computerized

characterization of masses on 2-dimensional US images (11-14). We have recently

developed an automated computer classifier for differentiation of malignant and benign
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breast masses in 3-dimensional (3D) US volumes (15). The purpose of this study was to

investigate the effect of our computer classifier on radiologists' accuracy in

discriminating between malignant and benign masses using 3D volumetric ultrasound

images. Both the radiologists and the CAD algorithm analyzed 3D volumetric images of

the masses which had been saved as cine-loops. To our knowledge, this is the first

observer study to evaluate the impact of a CAD algorithm designed for 3D US images on

radiologists' accuracy.

MATERIALS AND METHODS

Data Set

The data collection protocol was approved by our Institutional Review Board

prior to the commencement of the study. Individual patient informed consent was

obtained from all subjects. The group consisted of 130 consecutive patients who agreed

to have a 3D breast US examination between 1998 and 2002. All patients had a

sonographic mass assessed as suspicious or highly suggestive of malignancy and were

scheduled for biopsy or needle aspiration. Twenty-eight patients from this study group

were excluded from our analysis for the following reasons: those who had prior biopsy in

the same region of the breast, those with sonographically simple cysts, those with scans

which were deemed technically unsuccessful because of motion or other artifacts, and

masses which were incompletely imaged in any dimension because of large size or

eccentric position in the scan. Thus our study group consisted of 102 patients (average

age: 51 years, range: 25-86). Based on biopsy or fine needle aspiration results, 56 masses

were malignant and 45 were benign. One of the masses resolved after imaging, and the

patient was cancer-free after three year follow-up. Forty-three of the malignancies were
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invasive ductal carcinoma, 5 were invasive lobular carcinoma, 3 were ductal carcinoma

in-situ, one was medullary carcinoma, and 4 were other invasive carcinoma. Of the

biopsy-proven benign masses, 18 were fibroadenoma, 12 were fibrocystic disease, 8 were

cyst, 2 were fat necrosis, 2 were scar tissue, one was fibrosis, one was granuloma, and

one was other benign breast tissue. The mean mass diameter was 1.28 cm (standard

deviation = 0.78 cm).

The 3D US data were acquired using an experimental system that was previously

developed and tested at our institution (16, 17). The 3D system consisted of a

commercially available GE Logiq 700 (Milwaukee, WI) US scanner with an M12 linear

array transducer, a mechanical transducer guiding system, and a computer workstation.

The linear array transducer was operated at 11 MHz. The technologist was free to set the

focal distance and the overall gain adjustment to obtain the best possible image. Before

3D image acquisition, the technologist used clinical US and mammogram images and

reports to identify the suspicious mass. During 3D image acquisition, the technologist

manually translated the transducer linearly in the cross-plane, or the z-direction, while the

image acquisition system recorded 2D B-mode images in the image scan plane (x-y

plane). The 2D images were obtained at approximately 0.5 mm incremental translations,

which were measured and recorded using a translation sensor. The scanned breast region

measured typically 4.5 cm long by 4.0 cm wide by 4.0 cm deep. The typical in-slice

pixel size was approximately 0.11 mm X 0.11 mm.

The B-mode images were recorded into a buffer in the US scanner. After data

acquisition, the images and the position data were transferred digitally to a workstation,

where individual planes were cropped and stacked to form a 3D volume. The biopsy-
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proven mass in each volume was identified by an MQSA (Mammography Quality

Standards Act) qualified radiologist (MAR), referred to as RADO in the following, using

clinical US and mammographic images to confirm that the 3D images contained the mass

of interest and showed the mass in its entirety.

Computerized Classification of Masses in US Volumes

The details of our CAD system developed for the classification of masses in 3D

US volumes can be found in the literature (15). A summary of the method is provided

below.

The first step of the CAD system involved the extraction of the mass boundaries

in the 3D volume, i.e., mass segmentation. Automated segmentation of breast masses on

US images is a difficult task because of image speckles, posterior shadowing, and the

variations of the gray level both within the mass and in the normal breast tissue. We

developed a 3D active contour model for segmentation. The active contour model

combined the prior knowledge about the relative smoothness of the 3D mass shape in US

volume with the information in the image data. An example of the segmented mass

slices for a malignant mass is shown in Figure 1.

After mass segmentation, image features were extracted from the mass and its

margins for classification. Our feature space consisted of width-to-height ratio, posterior

shadowing, and texture descriptors. The mass shape in terms of relative width to height

was described by the ratio of the widest cross section of the automatically segmented

lesion shape to the tallest cross section. Posterior shadowing features were defined in

terms of the normalized average gray-level values in strips posterior to the mass.
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Texture features were extracted from two disk-shaped regions containing the boundary

of each mass, as well as presumably mass and normal tissue adjacent to the boundary of

the mass. These regions followed the contour determined by the active contour model.

An illustration of the regions used for computing the posterior shadowing and texture

features is shown in Figure 2. Additional details about the feature definitions can be

found in the Appendix.

The features described above were extracted from each slice of the US volume

containing a mass to define slice-based features. For a given mass, features extracted

from different slices were combined to define case-based features. Linear discriminant

analysis (LDA) with stepwise feature selection (18) was applied to the case-based feature

vectors to obtain computer-estimated malignancy scores. A leave-one-case-out

resampling method (19) was used for training and testing of the classification system.

The test scores obtained by the leave-one-out partitioning method were used as the

malignancy scores in the observer performance study. Two Gaussian functions were

fitted to the distributions of the malignancy scores of the benign and malignant classes

separately, and were used in the observer performance study as described below.

Observer Performance Study

Five radiologists (MAH, CP, JB, AN, CB), different from the one who was

involved in data set collection (RADO), participated as observers. These five

radiologists, referred to as RAD 1 -RAD5 in the following, had an average of 13 years of

experience in mammographic and breast US interpretation (range: 3-26 years) in an

academic radiology department at a National Cancer Institute-designated comprehensive
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cancer center. They were all MQSA qualified. Four were fellowship-trained in breast

imaging, and one had 26 years of experience in breast imaging. At our department,

about 4300 breast US examinations are performed annually.

An interactive graphical user interface (GUI), shown in Figure 3, was developed

to facilitate the navigation through the scanned 3D volumes of interest containing the

mass, and to adjust the window and level of the displayed images. The location of the

mass of interest, as determined by RADO using all available imaging and pathological

information, was marked on each slice, so that all the radiologists would rank the same

mass and ignore others if more than one mass could be seen in the volume.

During the experiment, an observer first read a case without CAD. This involved

assessing mass characteristics in six categories such as shape, margins, echogenicity,

cystic versus solid appearance, and through transmission using the GUI, and providing

an estimate of the likelihood of malignancy (LM) for the case on a scale of 0 to 100%. A

button corresponding to an LM rating of 0% was provided for benign masses, and

another button corresponding to LM ratings of less than 2% was provided for probably

benign masses. This second button was set to correspond to the ACR-BIRADS category

3 (probably benign finding) for which short-interval follow-up is recommended (20).

The radiologists used a slide bar to enter their ratings between 3% and 100%. The

discrete buttons facilitate the selection of these LM ratings more precisely for the benign

and probably benign masses because our previous experiences indicate that the

uncertainty of selecting ratings on a slide bar by observers can be much greater than 2%.

The observers were reminded at the beginning of the study that if they rated a mass as
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having larger than 2% of LM, it would indicate that they would recommend the mass for

biopsy (20, 21).

We used a two-step sequential reading design, which was found to be a sensitive

probe of the difference in the two conditions in previous studies (6, 22). The radiologist

first read the US volume without CAD, and rendered an estimate of the LM. The

estimate without CAD was stored in a computer file, and the radiologist was not able to

modify it after seeing the computer results. Immediately after reading without CAD, the

computer-estimated malignancy score for the case was displayed on the screen, and the

radiologist rendered an estimate of the LM with CAD. The computer's malignancy

score is on a relative rating scale and cannot be converted to the likelihood of

malignancy of the masses without making assumptions on the disease prevalence and

that the data set at hand is statistically similar to the patient population. To avoid making

assumptions, we linearly mapped and rounded the computer's malignancy score to an

integer between 1 and 10 before displaying the score on the GUI. In order to provide a

reference of the computer performance to the radiologists, the fitted Gaussian

distributions to the computer scores for the malignant and benign classes were also

displayed on the interface. The radiologists had the option to keep their original

malignancy rating, or change it using the slide bar after taking into consideration the

computer's opinion. The radiologists were not informed about whether a case was

malignant or benign during or after the study, and the overall results of their assessment

were not discussed with the radiologists before the study was completed.

There was no time limit for the radiologists. The radiologists were told that

practically all of the cases in the study had undergone biopsy, but were not informed
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about the proportion of malignant cases in the data set. The case reading order was

randomized for each radiologist. In order to reduce the effect of fatigue on the

radiologists' performance, the data set was read in three separate sessions by each

radiologist. Before participating in the study, the radiologists were trained on five cases

that were not part of the test data set. They were familiarized with the study design, the

functions on the GUI, and the computer's relative malignancy rating scale during the

training session.

The data set used in this investigation was also used in an earlier study for the

development of the CAD technique (15). Three of the radiologists (RI, R2, and R3) in

the current investigation had already provided an LM rating for these cases without CAD

in our earlier study (identified as R3, R4, and R2 in our earlier study) that had a different

experimental design and using a different GUI. The two readings by the same

radiologists were separated by more than six months. The radiologists were not

informed about whether a case was malignant or benign during or after the previous

study. The accuracies of these radiologists without CAD in these two studies were

compared.

Data Analysis

There is no ground truth for the mass characteristics such as echogenicity and

through transmission, since they are judged subjectively by radiologists. To summarize

the assessments of the mass characteristics, a "majority assessment" for each category

was determined according to the majority rule by the six radiologists (RADO-RAD5).

The majority rule determined which one of the descriptors was selected by the largest

number of radiologists. For example, if one radiologist described the echogenicity
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characteristics of a mass as hypoechoic, three as markedly hypoechoic, one as anechoic,

and one as heterogeneous, the majority assessment for echogenicity of the mass would

be markedly hypoechoic. When there was a tie between two descriptors, we used the

descriptor chosen by RADO, who was very familiar with the cases due to the role in data

collection, as the tie-breaker. If there was a tie, and the original descriptor provided by

RADO was not one of the descriptors that were tied, RADO was asked to re-read the

images and choose one of the tied descriptors.

The LM ratings of the radiologists with and without CAD were analyzed using

ROC methodology (23, 24). The area under the ROC curve, Az, and the partial area

index above a sensitivity of 0.9, Az(°0 9) (25) were used as the accuracy measures. For an

individual radiologist, the significance of the change in accuracy with CAD was also

analyzed using ROC methodology. For the group of five radiologists, the significance of

the change in accuracy with CAD was tested using the Dorfman-Berbaum-Metz (DBM)

multi-reader multi-case (MRMC) methodology (26) and also using Student's two-tailed

paired t-test. The DBM method is normally the preferred method to analyze the A,

values for MRMC data because it accounts for both reader and case variances, while the

t-test does not account for case variance in its calculation of the p value. Therefore the

conclusions from the t-test are generalizable to the population of readers, but not to the

population of cases. The t-test was applied to the evaluation of the partial A, index above

a sensitivity of 0.9. For this task, there is no available software that accounts for both

reader and case variances.

The sensitivity and specificity of each radiologist with and without CAD were

compared using an LM rating of 2% as the threshold above which biopsy would be
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recommended (20, 21). The radiologists in our study are familiar with BI-RADS

recommendations and are well aware that selecting an LM>2% is equivalent to declaring

that the mass is suspicious enough to warrant biopsy. If the radiologist intended to

indicate an LM less than 2%, then he/she would select one of two GUI buttons

designated as "benign" and "less than 2% likelihood of malignancy", with the buttons

clearly labeled as "benign" and "probably benign". The use of the BI-RADS lexicon and

the clear definition of the buttons therefore would record the radiologists' assessment

unambiguously, as opposed to a question in text form to the radiologist whether he/she

would recommend the case for biopsy without a direct reference to the LM.

In addition to an LM rating of 2%, we also tested a hypothetical biopsy threshold

of LM with CAD. This hypothetical threshold was chosen to maintain the average

sensitivity of the radiologists at the same level as that without CAD. We could then

evaluate the change in specificity if the sensitivity was kept the same before and after use

of CAD.

To investigate whether the change in sensitivity with CAD is statistically

significant for a given radiologist, we employed McNemar's test by considering the

number of beneficial and detrimental changes with CAD in biopsy recommendation for

the malignant cases. If a malignant case was not recommended for biopsy without CAD,

but was recommended for biopsy with CAD, this was defined as a beneficial change. If

a malignant case was recommended for biopsy without CAD, but was not recommended

for biopsy with CAD, this was defined as a detrimental change. We similarly applied

McNemar's test to benign cases to investigate whether the change in specificity with

CAD is statistically significant.
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In addition to analyzing the change with CAD in the number of cases for which

the LM rating moved across the biopsy threshold of 2%, we also examined the number

of cases for which CAD resulted in a substantial change in the LM rating. We defined a

substantial change as an absolute value difference of larger than or equal to 5 between

LM ratings with and without CAD. The substantial decreases and increases in the

ratings of malignant and benign cases were examined. For each mass, we also averaged

the changes in the LM ratings by the five radiologists, and compared how CAD changes

the average LM ratings for malignant and benign masses.

When an observer experiment is performed to investigate the impact of CAD on

radiologists' decisions in a laboratory environment, there may be a concern that the

radiologists may rely too heavily on the CAD system without adequately merging the

computer output with their own judgment. To investigate whether this is the case, we

estimated the correlation between the radiologists' readings with CAD and (i) their

readings without CAD, and (ii) the computer scores. We then estimated the statistical

significance of the difference between these two correlation coefficients using Cohen and

Cohen's method (27). If the radiologists utilize the computer scores only when they

believe that it makes a true contribution to their original assessment, then the correlation

(i) above should be significantly higher than (ii).

RESULTS

A total of 96 masses were categorized as solid according to the majority rule.

Five masses were categorized as complex cysts, and one as a simple cyst by three or

more radiologists. One mass that was categorized as a complex cyst was malignant, and
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the remaining five non-solid masses were benign. The most common margin descriptor

for malignant masses was ill-defined (46%), and that for benign masses was

circumscribed (59%). Most of the malignant masses had irregular shape (59%) and most

of the benign masses had oval shape (70%). Most of the masses (76% of benign masses

and 64% of malignant masses) were categorized as hypoechoic. Calcifications were seen

in 2% of benign masses and 25% of malignant masses.

Table 1 shows the individual radiologist's A, and Az(°0 9) values with and without

CAD, and the two-tailed p-values for the change in both accuracy measures with CAD.

The Az values of the radiologists were in the range between 0.81 to 0.87 without CAD,

and 0.86 to 0.93 with CAD. R4 had the largest change in A, value when reading in the

aided condition, with Az values of 0.82 and 0.93 without and with CAD. The

improvement in A, was statistically significant for each individual radiologist.

The average ROC curves for the radiologists with and without CAD were derived

from the average a and b parameters, which were defined as the means of the individual

radiologist's a and b parameters for the fitted ROC curves. The average ROC curves are

shown in Figure 4 along with the test ROC curve of the computer classifier, which had

an A, value of 0.92. Table 2 lists the average A, and Az(0'9) values, and the corresponding

two-tailed p values estimated using the DBM method or the Student's paired t-test. The

average A, value improved significantly (p<0.01) from 0.84 to 0.90, and the average

A,(0"9) value improved significantly (p=0.015) from 0.30 to 0.47 with CAD. The

improvement in the Az and A,(°0 9) values were statistically significant (p<0.01) even

when R4, who showed the largest improvement with CAD, was excluded from the

analysis.
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The ROC curves of RI, R2 and R3 in our previous study (15) were compared to

those in the current study without CAD both as a group (using the DBM method) and

individually. The average A, values for these three radiologists were 0.87 and 0.84 in

the previous and current studies, respectively. The difference between the current and

previous studies did not achieve statistical significance either as a group (p=0.17) or

when each radiologist's ROC curves were analyzed separately (p=0.80, 0.13, and 0.09

for RI, R2, and R3, respectively.)

The sensitivity and specificity of each radiologist with and without CAD at an

LM threshold of 2% are listed in Table 3. On the average, the radiologists' sensitivity

increased from 96% to 98% with CAD, at the cost of a decrease in specificity from 22%

to 19%. Three of the radiologists showed an increase in sensitivity while two maintained

a sensitivity of 100%. The specificity of three radiologists decreased with CAD, while

one radiologists' specificity increased and one did not show any change. The change in

the sensitivity and specificity did not achieve statistical significance for any radiologist

(range of p-values using McNemar's test: 0.157-1.00 for sensitivity, and 0.102-1.00 for

specificity). Table 3 also shows the sensitivity and specificity for each radiologist if the

LM threshold were to be adjusted to 7% when they read with CAD, for which the

average sensitivity would remain at 96% (same as that without CAD) while the average

specificity would increase to 46%. Under this condition, the improvement in specificity

for 4 out of 5 radiologists was statistically significant (p<0.002 , McNemar's test), while

the change in sensitivity for each ritdiologist was insignificant.

With 102 cases and five radiologists, we had a total of 510 pairs of LM ratings

with and without CAD. Figure 5 shows a histogram of the change in the radiologists'
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LM ratings with CAD for these 510 readings. The radiologists did not change their LM

rating substantially (i.e., within 5) with CAD in 64% (326/5 10) of the readings. For

malignant masses, the ratings were substantially increased for 34% (95/280) and

decreased for 7% (19/280) of the readings. For benign masses, the ratings were

substantially increased for 14% (32/230) and decreased for 17% (38/230) of the readings.

Figure 6 shows the histogram of the mean change in the LM ratings for malignant

and benign masses. To obtain the mean change for a mass, the changes with CAD from

five radiologists were averaged. To statistically evaluate the change for malignant and

benign masses, we performed one-sample t-tests on the mean changes. For benign

masses, the decrease in the average LM rating was 0.77, which did not achieve statistical

significance (two-tailed p=0.5 1). The increase in the average LM rating of malignant

masses was 5.59, which was statistically significant (two-tailed p<0.0001).

The correlations between the radiologists' readings with and without CAD, and

those between radiologists' readings with CAD and computer scores are shown in Table

4. The former of these correlations was higher than the latter for all five radiologists,

and the difference between the two was statistically significant (p<10-6) for four

radiologists. This result indicates that when they read with CAD, radiologists had a

higher agreement with their reading without CAD compared to their agreement with

computer scores.

As described at the beginning of this section, 96 masses were categorized as solid

by the majority rule. To investigate how the radiologists performed with and without

CAD for solid masses, we applied ROC analysis to this subset by excluding cases that

were categorized as cysts. The average A, values without and with CAD for this subset
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were 0.84 and 0.90, respectively, unchanged from the entire set of 102 masses. The

improvements in A, for the individual radiologists as well as for all radiologists as a

group were statistically significant (p<0.05) for the subset of solid masses.

DISCUSSION

Our results indicate that the CAD algorithm used in this study was able to assist

even expert breast imaging radiologists in characterizing masses on 3D US volumes. At

our institution, all clinical breast US examinations are performed by breast imaging

radiologists, not sonographers, and therefore the readers in our ROC study are

particularly experienced in assessing whole volume images. Nevertheless, our CAD

system could still improve their accuracy in terms of the A, and A,(°0 9) values. The

average A, value improved significantly (p=0.005) from 0.84 to 0.90, and the average

A,(°0 9) value improved significantly (p=0.015) from 0.30 to 0.47. The area under the

ROC curve for the computer classifier (Az =0.92) was higher than those of all

radiologists without CAD in the study. With CAD, all radiologists showed a significant

improvement in their Az values, and one radiologist's A, value surpassed that of the

computer classifier.

During our observer experiment, 96/102 (94%) of the masses were assessed as

solid according to the majority rule. When the analysis was limited to this subset of

solid masses, the A, values with and without CAD, and the significance of the

improvement with CAD were essentially unchanged compared to the results with the

entire data set of 102 cases. This indicates that CAD would be helpful even if we only

considered the interpretation of the more difficult category of solid masses.
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The effect of CAD was mixed when measured in terms of the

radiologists' sensitivity and specificity values at the current threshold of biopsy

recommendation (LM of 2%). With CAD, the average sensitivity of the five radiologists

increased from 96% to 98%, while their average specificity for this data set decreased

from 22% to 19%. Since all lesions except one in our data set underwent biopsy or fine

needle aspiration after clinical imaging, the relatively low specificity of the radiologists

with or without CAD is not unexpected. With the malignancy ratings recorded in the

observer experiment, we can analyze whether these changes in the specificity and

sensitivity reflect only a shift in decision threshold along the same ROC curve. If that

was the case, CAD would not actually increase the diagnostic accuracy of radiologists

but only change their decision threshold. The same effect would have been achieved by

urging them to use a more lenient threshold for biopsy recommendation, without the

need of CAD. As evidenced from the significant improvement in the ROC curves, our

malignancy rating data strongly suggest that this is not the case. Although the changes in

sensitivity or specificity did not reach statistical significance due to the relative small

data set available in this study, these observations indicate a promising trend that may be

achieved with CAD.

The ultimate clinical utility of a CAD system that results in an increased

sensitivity at the cost of decreasing specificity depends on a cost/benefit analysis of the

different correct and incorrect decisions. Alternatively, by appropriate training, it may

be possible to translate the benefits with CAD into biopsy decisions that surpass unaided

reading in terms of both sensitivity and specificity, or an improvement in specificity
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without reducing sensitivity. For example, for our data set, if the threshold for biopsy

with CAD could be changed to an LM rating of 7%, the average specificity with CAD

would be improved to 46%, compared to 22% without CAD, while the average

sensitivity would remain at 96% as noted above.

Since the "cost" of failing to biopsy a malignant lesion is much greater than that

of a benign biopsy, it can logically be expected that radiologists may tend to use the

CAD system to confirm and increase their LM estimate of malignant lesions while not

easily reducing the LM estimate of low suspicion lesions. This will result in an overall

increase in radiologists' LM ratings. Figure 5 suggests that this is indeed the case in our

study. While the ratings for malignant masses demonstrated a stronger trend to increase

than to decrease with CAD, the ratings for benign masses did not show a strong trend

either way. It is also noted that the radiologists' ratings showed little or no change (less

than 5%) for a large percentage (64%) of the masses. It therefore appears that

radiologists tend to be very conservative in downgrading the LM of a lesion. As a result,

the observed improvement in the radiologists' accuracy in this study was obtained

mainly from an increase in the LM ratings of malignant masses. This led to an increase

in sensitivity and a slight decrease in specificity. However, since the ROC curves of all

radiologists did improve with CAD, there is a potential that the radiologists can adjust

their decision thresholds along the higher ROC curves and thus increase the sensitivity as

well as the specificity. Alternatively, it may be possible to convince them to reduce the

LM ratings of masses that the CAD system rates as very low suspicion, thus improving

the specificity. These improvements may be realized after radiologists accumulate

experiences and increase their confidence with the use of CAD.
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The assessment of mass characteristics during the observer study helped us better

understand the properties of our data set. These assessments were not used in designing

the computer classifier since they were obtained during the observer experiment after the

classifier design was already completed. The assessments did not directly influence

radiologists' LM ratings, but may have served to focus their attention on a systematic

and thorough evaluation of the characteristics of the mass. It was reported that a

systematic analysis of the characteristics of breast lesions guided by a checklist could

improve radiologists' diagnostic accuracy (28). The list of mass descriptors collected in

this study is similar to that in the ultrasound BI-RADS lexicon recently published by the

American College of Radiology (20). However, since the BI-RADS lexicon for breast

US had not been published at the time of the study, the descriptors are not exactly the

same.

As explained in the Methods Section 28/130 cases (21%) were excluded from the

study. The majority of the excluded cases were either simple cysts or cases which were

deemed technically unsuccessful (e.g., those that contain partial mass volumes or motion

artifacts). The number of technically unsuccessful cases was relatively large compared

to that in clinical practice because the 3D US scanner is an experimental system. We

expect that the computer classifier may not perform well for the scans that were

technically unsuccessful because of the low quality of the data. By the same token,

radiologists will refrain from making a clinical decision with images containing technical

problems. We excluded these cases in the current study because it was not meaningful to

train a computer classifier to deal with technical problems that will have been resolved if

the 3D US scanner is to be implemented clinically in the future. We excluded the cases
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with simple cysts because radiologists can already distinguish simple cysts from other

lesions with very high accuracy using current US criteria. It is unlikely that they need

the CAD system to aid them in this task. The inclusion of relatively easy cases may also

optimistically bias the classifier.

A number of research groups have been developing CAD systems for breast mass

characterization on US images in recent years. (12-15). Chen et al. (13) used

morphological features extracted from hand-segmented mass boundaries on 2D US

images to design a nearly setting-independent classifier. Using an automated

segmentation method, Horsch et al. (14) obtained an A, value of 0.87 in the task of

differentiating all malignant and benign lesions (N=400) in their 2D US data set, and

0.82 in the task of differentiating the subset of malignant and benign solid lesions'

(N=276). Sahiner et al. (15) designed a classifier based on features extracted from 3D

US images, and found that the accuracy of the designed classifier in estimating the

likelihood of malignancy of masses was similar to that of experienced radiologists when

their performances were compared for the same set of images. These previous studies,

therefore, indicate that computer classifiers can perform well for characterizing masses

on US images, although it is not possible to directly compare the performances of the

classifiers because they were tested on different data sets. However, we are aware of

very few studies that investigated the effect of CAD for US mass characterization on

radiologists' accuracy. Recently, Horsch et al. (29) found that the accuracy of both

expert mammographers and community radiologists improved significantly when they

read 2D US images with CAD. Our study differs from that by Horsch et al. in that 3D
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US images were used, but our results reinforce their finding that experienced radiologists

can benefit from reading US images with CAD.

In order to provide a reference of the computer performance to the radiologists,

Gaussian probability density distributions fitted to the computer scores for the malignant

and benign classes were displayed for the radiologists during the study. The display of

these distributions is one of the methods to show the users what the computer scores

mean, and to provide the radiologists with some method for mentally calibrating these

scores. Ideally, if a large data set is available, one can train the classifier on a first data

set, obtain the distribution of malignant and benign scores on an independent second set,

and perform the observer study on a third set that is independent from the set for which

the distributions are obtained. Our study design assumes that the test performance of the

designed classifier is generalizable so that the distributions on the second and third

hypothetical sets above are identical. This is by far the most common approach for

laboratory ROC studies of the effects of CAD (4, 30, 31) because of the limited data set

available. Further work is warranted to investigate the validity of this assumption.

The radiologists were not informed of the prevalence of cancer in the data set.

However, they would likely assume that the prevalence of the disease was higher than

that in the diagnostic population in clinical practice. This is because most laboratory

ROC studies are designed to have approximately equal number of positive and negative

cases in order to increase the statistical power for the same total number of cases read

(23) and our observers are familiar with ROC studies. Gur et al found that no significant

effects could be measured for prevalence in the range of 2% to 28% in laboratory ROC

experiments (32). It is not known if their findings could be extended to prevalence of
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nearly 50%. On the other hand, since ROC studies are usually performed to measure the

relative performances of two (or more) modalities instead of their absolute performances

in the patient population at large, the prevalence effects should be comparable for both

modalities and would be unlikely to change the relative performances, as assumed in

most laboratory ROC studies.

When radiologists perform a laboratory experiment with CAD, there may be a

concern that they may overly rely on the computer results, especially if they know that

the computer classifier is very accurate. However, our observations indicated that the

radiologists did not develop a tendency to follow the computer ratings in this study.

First, as we discussed in the Results section, the radiologists did not change their LM

rating substantially (i.e., greater than or equal to 5 on the 100 point scale) with CAD in

64% (326/510) of the readings. Second, the correlation analysis (Table 4) indicated that

the LM ratings of a radiologist with and without CAD were highly correlated, whereas

the correlation between the computer scores and the radiologists' LM ratings with CAD

was significantly lower for four readers. Third, before all the readings were completed

and the ROC analysis performed, radiologists did not know if their A, was lower or

higher than that of the computer. They also did not have feedback after reading a case

regarding whether the computer's rating was more accurate than their rating. The

radiologist thus had no way to know that they would improve by simply following the

computer.

The US images used for analysis by the CAD system in this study constituted a

volume that contained the biopsy-proven mass, acquired using an experimental system.

The radiologists in our observer study were asked to characterize the masses based on
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the same US volumes. In clinical practice, typically, these readers will interactively

optimize the image quality by changing the probe angle, direction, and US scan settings

for a given mass. The images interpreted in our observer performance study were

therefore different from those our radiologists routinely interpret. The potentially less-

than-optimal image quality may have had a negative impact on their reading accuracy.

To our knowledge, all CAD systems developed so far for breast US operate on static

images, and therefore do not take advantage of the interactive nature of US imaging.

The use of 3D volumes for CAD design may reduce this disadvantage by providing a

more complete description of the mass compared to a few 2D images that slice through

the mass. Similarly, interpretation of 3D US volumes by a radiologist may offer

advantages compared to interpretation of only a few hardcopy images acquired by a US

technologist, although interactive acquisition by a radiologist may still be the best

approach. Although current CAD systems have been designed for off-line processing of

recorded US images to facilitate algorithm development in the laboratory, it is

conceivable that the processing may be sped up to real time or within seconds of the US

exam by firmware implementation in the future to make it compatible with clinical

operations.

Our study had a number of limitations. As described in the Introduction, one of

the purposes of our CAD system was to help radiologists reduce the benign biopsy rate

without affecting the sensitivity of breast cancer detection. Our data set therefore

consisted of only masses that were recommended for biopsy or fine needle aspiration.

However, if such a system were used prospectively, it may affect the management of

cases that the radiologist would normally recommend for a follow-up. It is therefore
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important in the future to investigate the performance of the CAD system for masses that

are not recommended for biopsy, and whose outcomes are known by follow-up. A

second limitation is that all the cases in our data set were collected using the same US

machine. Although we believe that our image processing methods will not depend

strongly on small changes in image quality of the US images, the CAD system needs to

be evaluated with images acquired using different US imaging systems to ensure its

robustness against variations in image acquisition systems and parameters. A third

limitation is that all the observers in our study were very experienced in breast imaging

and US interpretation so that the effects of CAD on less experienced radiologists are still

unknown. Although we believe that less experienced readers may benefit from CAD at

least as much as the experienced radiologists, if not more, it will be important to

investigate the effects of CAD on radiologists with mixed experiences.

Another limitation of our study is that the classifier in our CAD system was

trained and tested using a leave-one-case-out method, and the segmentation method was

optimized using a small subset of the data set. In the leave-one-case-out method for

classifier design, the features are selected and the classifier is designed using N-1 cases,

and the designed classifier is applied to the left-out case to determine the test score. Test

scores for each case are obtained in round-robin order. Although this is known as a

nearly unbiased classifier design method (19), the performance of our CAD system needs

to be evaluated using independent test sets in order to assure the generalizability of our

approach. Nevertheless, despite the need to confirm that the computer classifier results

are generalizable, our observer study revealed the potential benefits that CAD may
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provide to the radiologists for the characterization of masses, if a CAD system with the

level of performance used in our study is available as a second opinion.

Finally, radiologists generally combine information from US with that from

mammograms to reach a diagnostic decision while the current study only used the

information from US images. The effects of CAD on a combined US and mammogram

evaluation remain to be investigated. In addition to these limitations, retrospective ROC

studies cannot emulate many factors that exist in clinical practice such as the

psychological effects of the liability of missing a malignant case. The results observed in

laboratory ROC studies thus may not be generalizable to clinical settings. However, ROC

observer studies have been established as the one of the best available methods to-date to

compare the relative performances of different imaging modalities or conditions. A

laboratory ROC study is therefore an important first step to assess the effectiveness of

CAD for assisting radiologists in making diagnostic decisions and may provide pilot data

for the design of future clinical trials.
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APPENDIX

Feature extraction

The feature vector for a given mass consisted of four width-to-height features,

four posterior shadowing features, and 72 texture features.

The width-to-height features for a mass were the minimum, maximum, mean, and

the standard deviation of the ratio of the width to the height of the segmented mass for

each slice containing the mass. The width W and height H of the segmented mass in a

slice were defined as the widest and the tallest cross-sections of the mass in that slice,

respectively (Figure 2).

The posterior shadowing features for a mass were the minimum, maximum, mean,

and the standard deviation of the feature extracted from each slice containing the mass.

On a given slice, the posterior region of the mass was divided into n overlapping vertical

strips as shown in Figure 2. The width of each strip was equal to W/4, and the height of

the strip was equal to H. The strips were defined only posterior to the central 3W/4

portion of the mass so that bilateral shadows that are sometimes associated with

fibroadenomas could be avoided. Let P denote the mean grayscale value within the

darkest posterior strip, and M denote the mean grayscale value within the segmented

mass. The difference D between M and P defined how dark the US image is in the

darkest posterior strip of the mass compared to the average within the mass. The

posterior shadowing feature for the slice was defined as the normalized difference D/M.

The texture features were extracted from disc-shaped regions posterior and

anterior to the mass. These equal-sized regions contained partly the interior portion of

the mass and partly the mass margins. The total area of the anterior and posterior regions
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was equal to the area of the segmented mass. An example of the anterior disc-shaped

region is shown in Figure 2. On each slice containing the mass, spatial gray level

dependence (SGLD) matrices, S(d, 9) were extracted. The (i,j)1h element of S(d, 9) is the

relative frequency with which two pixels, one with gray level i and the other with gray

level j, separated by a pixel pair distance d in a direction 0, occur in the image. In this

study, three pixel pair distances, d=2, 4, and 6, and two pixel pair angles, 0=0° and 900

were used. On each slice, we therefore extracted six SGLD matrices from the anterior

and six SGLD matrices from the posterior disc-shaped regions. From each SGLD matrix,

six texture features were extracted. These features were information measures of

correlation I and 2, entropy, difference entropy, sum entropy, and energy. The

mathematical definitions of these features can be found in the literature (33). The texture

feature vector extracted from a slice was therefore 72-dimensional. These vectors were

averaged over all slices containing a mass to obtain the texture feature vector for the

mass.
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TABLES

Table 1.

The area A, under ROC curve, and the partial area index Az(0"9) above a sensitivity

of 0.9, for the characterization of the masses in the data set without and with CAD

by the 5 radiologists.

Rad. Az Az•°9)

No No CAD With CAD p value No CAD With CAD p value

1 0.83±0.04 0.89±0.03 0.0008 0.25±0.10 0.35±0.14 0.17

2 0.81±0.04 0.86±0.04 0.0005 0.14±0.08 0.23±0.12 0.13

3 0.87±0.03 0.91±0.03 0.0486 0.39±0.12 0.53±0.12 0.0747

4 0.82±0.04 0.93±0.02 0.0004 0.39±0.10 0.68±+0.09 0.0008

5 0.83±0.04 0.90±0.03 0.0007 0.29±0.10 0.42±0.12 0.0323

Note -The A, and Az(°0 9) values are the mean ± SD. The statistical significance for each

radiologist was estimated as described in the literature (24, 25).

36



Table 2.

The average A, and A,(°0 9) values without and with CAD for the five radiologists,

obtained by using the average a and b parameters from the fitted ROC curves.

Accuracy measure No CAD With CAD p value (DBM) p value (paired t-test)

A, 0.84 0.90 0.006 0.005

Az(°'9) 0.30 0.47 --- 0.015

Note - The significance of the change in the A, value with CAD for the group of five

radiologists was estimated using both the DBM method and the Student's two-tailed

paired t-test. The significance of the change in the A,0( 9' value was estimated using the

Student's two-tailed paired t-test.
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Table 3.

The sensitivity and specificity for each radiologist at decision thresholds of 2% and 7%

likelihood of malignancy.

Rad. Sensitivity Specificity

No. No CAD* With CAD* With CAD** No CAD* With CAD* With CAD**

1 56 (100) 56 (100) 56 (100) 4 (9) 5 (11) 15 (33)

2 51 (91) 53 (95) 49 (88) 12 (26) 11 (24) 28 (61)

3 52 (93) 54 (96) 53 (95) 24 (52) 22 (48) 29 (63)

4 55 (98) 56 (100) 56 (100) 9 (20) 5 (11) 23 (50)

5 56 (100) 56 (100) 56 (100) 1 (2) 1 (2) 11 (24)

Avg. 54 (96) 55 (98) 54 (96) 10 (22) 9 (19) 21 (46)

Note - In each entry, the first number denotes the number of correctly classified

lesions, and the number in parentheses denotes the percentage (i.e., sensitivity for

the first three columns. and the specificity for the lastthree columns). The total

numbers of malignant and benign lesions are 56 and 46, respectively.

* The columns entitled "No CAD*" and "With CAD*" show the sensitivity and

specificity at the decision threshold of 2% likelihood of malignancy, without and

with CAD, respectively.

** The columns entitled "With CAD**" show the sensitivity and specificity with

CAD at a hypothetical decision threshold of 7% likelihood of malignancy, for

which the average sensitivity would be the same as that without CAD (96%), but

the average specificity would increase to 46%.
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Table 4.

Correlations between the radiologists' LM ratings with and without CAD, and those

between radiologists' LM ratings with CAD and computer scores. The statistical

significance in the difference between the two correlation coefficients of each

radiologist was estimated using Cohen and Cohen's method (27).

Rad. No Correlation between LM ratings with CAD and p-value

LM ratings w/o CAD Computer scores

1 0.94 0.70 <10-6

2 0.96 0.61 <10-6

3 0.96 0.72 <10-6

4 0.86 0.83 0.26

5 0.94 0.70 <10-6
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CAPTIONS FOR ILLUSTRATIONS

Figure 1: Five slices containing a malignant mass and the result of computer

segmentation.

Figure 2: For feature extraction, the width W and height H of the mass on a slice were

defined as the widest and the tallest cross-sections of the mass in that slice, respectively.

The mean gray level values within the overlapping posterior strips R(i) and the

segmented mass were used to define the posterior shadowing features. The disc-shaped

regions for texture feature extraction followed the shape of the mass and contained partly

the segmented mass and partly its margins. An example of the anterior disc-shaped

region is shown as the gray area above the segmented mass.

Figure 3: The graphical user interface. The biopsy-proven lesion was marked by an

arrow, which could be switched off when the radiologist assessed the mass. The

interface allowed the users to navigate through the volume, and to adjust the contrast and

brightness. The radiologists first provided their assessment for the mass in six

categories, which were 1) overall US impression; 2) shape; 3) margins; 4) echogenicity;

5) through transmission; and 6) other features. They then provided a likelihood of

malignancy rating without CAD. Finally, the computer's malignancy score for the mass

was displayed and the radiologists had an option to revise their rating after taking into

consideration the computer's opinion.

Figure 4: The average ROC curves of the radiologists with and without CAD, and the

ROC curve of the computer classifier. The average ROC curves were constructed by

using the mean a and b values of the individual observers' ROC curves.
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Figure 5: The histogram of the change in radiologists' ratings with CAD. For the

majority of the masses (59% of malignant masses and 70% of benign masses) the change

was in the range of -4 to 4. When the change in the scores with CAD was greater than or

equal to the range of -5 to 5, the change was called substantial. For malignant masses,

the ratings were substantially increased for an average of 34% (95/280) and decreased for

7% (19/280) of the readings. For benign masses, the ratings were substantially increased

for 14% (32/230) and decreased for 17% (38/230) of the readings.

Figure 6: The histogram of the mean change in the LM ratings of radiologists with

CAD. The mean change for a mass was computed by averaging the changes in the LM

ratings for that mass over the five radiologists who participated in the study. For benign

masses, the overall average LM rating decrease was 0.77, which did not achieve

statistical significance (p=0.5 1). For malignant masses the overall average LM rating

increase was 5.59, which was statistically significant (p<0.0001).
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ILLUSTRATIONS

Figure 1: Five slices containing a malignant mass and the result of computer

segmentation.
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Figure 2: For feature extraction, the width W and height H of the mass on a slice were

defined as the widest and the tallest cross-sections of the mass in that slice, respectively.

The mean gray level values within the overlapping posterior strips R(i) and the

segmented mass were used to define the posterior shadowing features. The disc-shaped

regions for texture feature extraction followed the shape of the mass and contained partly

the segmented mass and partly its margins. An example of the anterior disc-shaped

region is shown as the gray area above the segmented mass.
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Figure 4: The average ROC curves of the radiologists with and without CAD, and the

ROC curve of the computer classifier. The average ROC curves were constructed by

using the mean a and b values of the individual observers' ROC curves.
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Figure 5: The histogram of the change in radiologists' ratings with CAD. For the

majority of the masses (59% of malignant masses and 70% of benign masses) the change

was in the range of -4 to 4. When the change in the scores with CAD was greater than or

equal to the range of -5 to 5, the change was called substantial. For malignant masses,

the ratings were substantially increased for an average of 34% (95/280) and decreased for

7% (19/280) of the readings. For benign masses, the ratings were substantially increased

for 14% (32/230) and decreased for 17% (38/230) of the readings.
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Figure 6: The histogram of the mean change in the LM ratings of radiologists with CAD.

The mean change for a mass was computed by averaging the changes in the LM ratings

for that mass over the five radiologists who participated in the study. For benign masses,

the overall decrease in the average LM rating was 0.77, which did not achieve statistical

significance (p=0.5 1). For malignant masses the overall increase in the average LM

rating was 5.59, which was statistically significant (p<0.0001).
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VOLUMETRIC ULTRASOUND IMAGES: AN ROC STUDY
B Sahiner (P); H Chan; L M Hadiiiski; M A Roubidoux; C P Paramagul; M A Helvie ; et al.
PURPOSE
Computer-aided diagnosis (CAD) methods have previously been developed to assist radiologists in
characterizing breast masses on mammograms and ultrasound (US) images. In this study, we
developed a classifier that merged information from both modalities, and assessed its effect on
radiologists' accuracy.

METHOD AND MATERIALS
The data set consisted of images from 67 patients containing biopsy-proven solid masses (32
benign and 35 malignant). An experienced radiologist identified the region of interest (ROI)
containing the lesion on both modalities. The 3D US volumetric data were collected as cine-clips
when the transducer was translated across the lesion. US and mammographic features were
automatically extracted based on the margin, spiculation, shadowing, and shape characteristics of
the masses. The features were combined into a malignancy score using a computer classifier
designed with a leave-one-case-out method. Five MQSA radiologists participated in the ROC study.
First, the radiologist read the mammogram ROIs, and provided a BIRADS score and a malignancy
rating. Second, the US images were displayed along with the mammogram ROIs, the radiologist
provided a second malignancy rating, and recommended: (i) 1-year follow-up; (ii) short-term
follow-up; or (iii) biopsy. Third, the computer score was displayed, and the radiologist provided a
third malignancy rating and revised the recommended action. The classification accuracy was
quantified using the area under ROC curve, Az.

RESULTS
The computer classifier achieved a test Az value of 0.91. When reading mammograms alone, the
radiologists had an average Az of 0.88 (range: 0.82-0.93). When the mammograms were
supplemented by US images, the average Az increased to 0.92 (range:0.86-0.96). With CAD, the
average Az increased significantly (p=0.03) to 0.95 (range:0.90-0.98). The average sensitivity for
biopsy recommendation also improved from 0.96 to 0.98, and average specificity improved from
0.37 to 0.39.

CONCLUSIONS
The radiologists were more accurate in characterizing masses when both mammograms and
volumetric US images were available. A well-trained computer algorithm can improve radiologists'
accuracy even in this multi-modality reading condition.
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Ulerhsounde(US) pnd matmmograph aret, twon commonhly used monalitend fr ctivracnteriaonf bredastr

the segmentation of the messes on memmeyrems end 3D US images. US ftectures that may he useful
for characterizing messes as malignant ori benign wvere extracted based en the Mar-gin, shaedowing, and
shape characteristics of the mess. Mermmegi-phic, fe-et~ureS were extracted based on texture,
murphoelagicel, and spiculetiun chaeracteristics.

We have investigated the accuracey of a classifier based on cemputer-extrerted mammo-gi-phic feetures
alone, US feetUres elenie, and the combined feature space. The accurecy of the designed elessifier wee
evaluated using receiver operaiting characteristic (ROC'ý methodulogy. The are-A, under the test ROC
CUrVe ter the conmputer classifier using the US iniges alone, mammograms alorie, end the combined
feeture space were D.G[310.04, 0.66±0.05. eand 0.91±0.03, resýpective-ly.

We have also investiageted the effect et the designed multi-modality classifier en rediologists' accuracy
in characterizing masses, Ten N11SA radiologists participated in an ROC study. Firsyt, the radiologist
reed the regien ot interest tROI) en the memmegrems that conteined the mess, end previded e BI-RADIS
score eand a malignancy rating. Second, the US images were displeyed in addition to the mermmegram
ROls, and the i-ediologist provided e secend malignency reting, end recommended either follow-up oi-
biopsy. Third, the CAL) results were displayed, end the radir'lcgist previded a third melignency reting
end revised the recommenerded action. With CAD, the everege A, increas-ed significently (p=0.115 

ti-cm
0.93 te 0.135 The av~erage sensitivity for biopsy recommendetion improved ti-em 0.981 te 0.913, end
aesrege specificity imprevied fi-om 0.27 to 0.211. Alternatively, if e biopsy rercemmendatien threshold
Ceuld he chos-en such thatthe sensitivity were meinteined et96)S the specificity WEuLld increese to 9
with CAD.

Our results indicete thet the designed multi-modelity clessitier sign iticantly increeses the arccurecy of
rad ioelug ists*a- es's semnt et mess es. Our system therefore has e potentiel to e as vaelueble clinical tedl
ter reducing the bieFsy of benign lesions withaut e trede-off in sensitivity.

Corn iputerizect Mass Ch~aracterization
'how #1

view #21

Gem pUte rize d
-- bc crac terizeti en

The 30 US uis 5~
Volurne is slice
acquired by #1
translatirig thu e
transduicerIL
across th us

Fig. 1. The overad blGck diagrem fu rthee cmputerized multirnedelity breastmeass
classifier- that uses multi-Aeiew meanmograms end 3D ultrasound volumes.

2



Mammograpchic Feature
Extraction

St • . 'Morphological fea't tore s

F Durier descriptors
Normalized radial length
Convtexit'j
Contrast
Shape (area, perimeter,
compactnoss, etc.ý

i RBT iageSpiculated mass Spiculation measure

SFig. 2: T~exture features are extractedf from the Fig. 3: Splculation features are based onn na spiculatin measure extracted from the

rC-ltttistis f image gradient direction
rubler-band straightening transfoerm IRBSTu relatire to the normal to mass brder.
:images.

Feature Extraction from
"Ultrasound Volumes

I ~~Height iri

linant Segmented
amass

Posterior Ri strips

Fig .5, Width-to-heightiteaturel s
dtefined as the ratieof the widest v,
section to tht tallest section of the

rFiq.4: Texture features are extracted from tIhe upper and mass. The shadowing features werm
lower disc-shaped reg1ions at the mass margins. The extracted by analyzing overlapping

0 mass outline Is aIt' maicualy M egmente sing a 3D vertical strips postraiortovthe mass.
active ucntourm el•dI.
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Comrputerizedt Characterization Results
~.Our data set consisted 0f US volumes and mammogramsW from, 0.7 patients who had a
iia mmographically visible solid mass deemed suspicious o r highly suggestive of malignancy. All
patients underwent biopsy or fine needle aspiration. Thirty two of the masses -were benign and 35
Were malignant. The total number of mammcgraphiu views was 103, with each case containing
between one and three views (CC, 1MLO, or LAT). The biloped mass on the mhammograms and the
US volumes was identified by an lVQSA (Mamnmography Ousilty Stan dards Act(ý qualified radiologist
using clinical images and case reports to confirm that the identified region contained the biopsiJed
manss. The mamnmographic and ultraSOUnd features were combined into a malignancy score Using a
stýpwise linear discriminant ainalysis classifior (Fig. 1 ý, trained and tesýted using a leave-one-case-
out method. The malignanqcy scores were analyzed using Receiver OeaigCharacteristic (ROC,%
methodology. The areaA, und r the ROC curve was used as the mEaDsLMur accuracy.

1.0 Fig. G: Th e ROC curves for the computer classifier
using mammograms alone, US volume alone, and

t;0.8 the combination of both modalities.

04Modality ý
0.

S0.2

0.0 Can-.i blue 0.ý ±:V,1.3
04 . O . 0,1 1.0

False-positive fractfion

Observer Performance Study
We conducted an observer performance study to investigate the- eff~ect of the multimodality
computer classifier on radiologists' accuracy in characterizing breast masses. Ten MOSA
radiologists evalatied'i theý images in randomized reading order. First, the radiologist read the
marnammgram 110ls, .and provided a 81- RADS score and a likelihood of malignancy rating- Second,
the US images were displayed along with the mammogc-ram R0ts, the radiologist provided a second
malign ancy rating, and recomrmended: Ji( 1-year 0olowup ~~Short-term follow-up; Or 00i) bkiopy.

~Thi rd, the, comrputer stror Was displayed, anrd the randio-logist pr7.vidtd a third malignancy rating aind
revised the irecommended action. TheQ radiolog ist ratings were analyzed using Dorfmafl-Gerbaum-
Mtetz multiple read-ermultiple, case fMRMC) ROG artalySis.

1.0 10

S0.6 006

04o - - 0.4

0.0 0.2 0A 0.6 0.8 1.0 0. 0 0. 2 04 0.6 0.8 1.0

Fafse-pasdtive fraction False-poasitive fraction
Fig. 7: The average ROG curves of Fig. 8:ý The ave rage R OC curve s of
radiologists interpretingU mammorarms radiollogsts interpretimrg miammograms
aolne, and marrmmgrarms SuIpplTemented and US, vclurmes with out anA with CAD.
by US volumes. Thc impro ,emnent wý,ith US Th e impnrovemcirent with CADLwa
was statistically sig nificant IPOO) statis~ticazlly significant fp=O.O5M.
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Observer Performanice

Fig. 9: The graphical user interface
designed forthe observer study
experimenit. The user carn scroll
through the US volume in rine mode,
and' chenge settings such as
contrast arnd brightness for each
imange. Afte~rthe observerprovidese
like-lihood uf mazlignancy rating far
the c;ra se, t he CA D sc ore i s di splaye d
and the observer has en option to
change hisj'her rating.

0.0

Fig. 11: The so nsitiIt en d spe riffi city
far eech r~eading condition based on the

1 2 3 4 5 6 7 E Bl-RADS rating or the action categorty.
Radiologist Alternatively, if a threshold could be

Fig, 10 The Avelues oteach radiologist under the three selected so that the sensitivity with CAD
were m aint ai neLd at X98%, t he s pecif ic ity

re ad ing con idition s The atccuracty of ea ch radiolot gist with CAD would increaise to 39Z~
iimnp rovedJ wit h 1 S. Eaciuh radiolto g ist e xcep Vt oneo imriiprov ed
furthe~rvwhen the-y reed with CAD.

Conclusion
We have investigeted a multi-mod-ality computer classifier for chrceiainof breast mase Ont
mammograms and 3D US imangi. The combination of the tvoc moidalities inicreasecd the accuraci:;y of theCompterclasifir cmpaed t tht uingeachmodlit alare.Simlarl rdioog~ t ]here

signficntlymor accrat whe th mamogrms wre upplmened wth S i a res o

cmueigh rladsiooists womarier thon that usfnthea ompue lorf-ithmlci. CADimplrlyed radiologists' wverae

segselecated sorthatthe sensitivit wth CD~ee ma intgain -ed u at 96(smeas reain withoUt imag tes o
snepreifiitwon.d Our'as to 59%y wcric-th Cd. u eut hrfr osrt that eveD whnopi rdooi s o hmo aliis the

inserprtsatvityofCA b reastan er d etetin. ipratrl opa.Te ailgss cuaywr

sigif wa s supmported ihn partv iry~ CAMadrh edn odteio.Wel te C reand grath CAD, thej
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